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1
DERIVING AND USING INTERACTION
PROFILES

CROSS-REFERENCE TO RELATED
APPLICATIONS

This application is a continuation application of and claims
priority to U.S. application Ser. No. 13/035,432, filed on Feb.
25, 2011 and entitled “SYSTEMS AND METHODS FOR
DERIVING AND USING AN INTERACTION PROFILE,”
which is a continuation application of and claims priority to
U.S. application Ser. No. 10/878,926, filed on Jun. 28, 2004
and entitled “SYSTEMS AND METHODS FOR DERIV-
ING AND USING AN INTERACTION PROFILE,” the con-
tents of both of which are incorporated herein by reference.

FIELD OF THE INVENTION

The present invention relates generally to systems and
methods for data analysis. The present invention relates par-
ticularly to systems and methods for deriving and using an
interaction profile, such as a click profile.

BACKGROUND

When a user performs a search on a commercial search
engine and then clicks on the results, the commercial search
engine may gather information about which results were pre-
sented to the user and about the particular results the user
clicked. The commercial search engine operators may then
use this information to evaluate the quality of the search, to
improve the search, and to perform machine learning to
improve the quality of the search results.

For example, if a commercial search engine has a new
algorithm for determining search results for a search query,
the commercial search engine may present results from the
new algorithm, and compare the click rate of the results from
the new algorithm to the click rate of the results from the old
algorithm. A higher click rate on results from the new algo-
rithm suggests that it is superior. Examples of such
approaches may be found in J. Boyan, D. Freitag, and T.
Joachims, A Machine Learning Architecture for Optimizing
Web Search Engines, Proceedings of the AAA1 Workshop on
Internet Based Information Systems, 1996.

Unfortunately, users cannot always determine if a result is
“good,” or how good it is, without clicking on it. Users may
click on a result by mistake. Moreover, users sometime click
on results that are not superior, and in many cases, inferior, to
other results. For example, the title and snippets associated
with some search results may mislead users and result in an
artificially-high click rate. The fact that users are misled may
be accidental or deliberate. For example, some webmasters
adjust their pages to make them appear artificially good in
search result lists, in order to draw additional traffic to their
sites. For example, some web sites extract information from a
search query and insert the information into the result title or
snippet, making the result appear as if it closely matches the
search query. Thus, evaluating the quality of search results
based solely on which results in a result set are selected by
users (or “clicked on”) may not yield an effective evaluation.

Some search engines associated with electronic-commerce
sites have devised methods of tracking user behavior in an
attempt to more accurately rank search results. For example,
some commercial shopping sites track a user’s behavior by
determining whether they buy particular products when they
are shown to the user. If the purchase rate increases, the
ranking of the result is increased. This approach, too, has
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limited effectiveness. For example, this approach may not be
available, to a search engine not associated with an electronic-
commerce site, and access to such data may not be available.
Moreover, for many searches, a purchase may not constitute
a good indicator of user satisfaction.

SUMMARY

Embodiments of the present invention provide systems and
methods for deriving an interaction profile, such as a click
profile. In one embodiment of the present invention, a plural-
ity of metrics indicating a level of satisfaction for search
results is determined. The metrics may comprise at least one
of click-duration data, multiple-click data, and query-refine-
ment data. The values of the metrics for a plurality of
instances of an object, such as search results from a search
engine, are determined. An interaction profile for the object,
based at least in part on the values of the metrics for a plurality
of instances of the first object, is then determined. This inter-
action profile may be used in a variety of ways, such as
determining the quality of ranking algorithms, optimizing
algorithms, and detecting undesirable search results. In
another embodiment, a computer-readable medium (such as,
for example random access memory or a computer disk)
comprises code for carrying out such a method.

These example embodiments are mentioned not to limit or
define the invention, but to provide examples of embodiments
of the invention to aid understanding thereof. Exemplary
embodiments are discussed in the Detailed Description, and
further description of the invention is provided there. Advan-
tages offered by the various embodiments of the present
invention may be further understood by examining this speci-
fication.

BRIEF DESCRIPTION OF THE FIGURES

These and other features, aspects, and advantages of the
present invention are better understood when the following
Detailed Description is read with reference to the accompa-
nying drawings, wherein:

FIG. 1 is a block diagram illustrating an exemplary envi-
ronment in which one embodiment of the present invention
may operate,

FIG. 2 is a flowchart illustrating a method for deriving a
click profile in one embodiment of the present invention;

FIG. 3 is a flowchart illustrating a method for estimating
the quality of an object in one embodiment of the present
invention;

FIG. 4 is a flowchart illustrating a method for identifying a
possible manipulated article in one embodiment of the
present invention;

FIG. 5 is a flowchart illustrating a method for comparing
scoring algorithms in one embodiment of the present inven-
tion; and

FIG. 6 is a flowchart illustrating a method for determining
the relative quality of search results for a particular query in
one embodiment of the present invention.

DETAILED DESCRIPTION
Introduction

Embodiments of the present invention provide systems and
methods for deriving and using an interaction profile, such as
aclick profile. There are multiple embodiments of the present
invention. By way of introduction and example, in one exem-
plary embodiment of the present invention, a search-engine
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provider wishes to consider a new ranking algorithm for
implementation. The search-engine provider may carry out
testing of the new algorithm whereby persons input search
queries into a search-engine interface that then provides the
search queries to a search engine employing the new algo-
rithm, and the search engine returns search results resulting
from the new algorithm to the querying person. The querying
person then interacts with the search results, and the query,
results, and interaction, and other relevant data may be
recorded in a log file. After a sufficient number of log entries
have been accumulated in the log file relative to the new
search algorithm for one or more users, a software application
extracts information regarding user behavior from the log file
for the new algorithm. The information includes on which
results in a result set a user clicked, how long the user
remained on the target web site, and other user-behavior
information. This information can constitute a click profile
for the new search algorithm. The software application may
also extract similar data from the same or another log file
associated with a second; different ranking-algorithm (for
example, an algorithm previously used by the search engine,
or another new algorithm under consideration for implemen-
tation). Such data can constitute a click profile for the second
algorithm. The analyzer software application may then com-
pare the click profile associated with the first ranking algo-
rithm with the click profile associated with the second rank-
ing algorithm to determine the relative quality of the first and
second algorithms. The relative quality comprises an attribute
indicating the nature of one of the algorithms relative to the
other, or relative to a chosen object, expectation, or standard.
This relative quality determination may be done to determine
which of the two algorithms may be of higher quality. An
example of a higher-quality algorithm may be one that pro-
duces better results in response to search queries.

This introduction is given to introduce the reader to the
general subject matter of the application. By no means is the
invention limited to such subject matter. Example embodi-
ments are described below.

System Architecture

Referring now to the drawings in which like numerals
indicate like elements throughout the several figures, F1G. 11s
a diagram illustrating an exemplary environment in which
one embodiment of the present invention may operate. The
present invention may operate, and be embodied in, other
environments as well.

The system 100 shown in FIG. 1 comprises multiple client
devices 102a-» in communication with a server device 104
over a network 106. The network 106 shown comprises the
Internet. In other embodiments, other networks, such as an
intranet, local area network, or wide area network may be
used. Moreover, methods according to the present invention
may operate within a single client or server device.

The client devices 102a-r shown each comprises a com-
puter-readable medium. The computer-readable medium
shown comprises a random access memory (RAM) 108
coupled to a processor 110. The processor 110 executes com-
puter-executable program instructions stored in memory 108.
Such processors may comprise a microprocessor, an Appli-
cation-specific integrated Circuit (ASIC), a state machine, or
other processor. Such processors comprise, or may be in
communication with, media, for example computer-readable
media, which stores instructions that, when executed by the
processor, cause the processor to perform the steps described
herein.
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Embodiments of computer-readable media may comprise
an electronic, optical, magnetic, or other storage or transmis-
sion device capable of providing a processor, such as the
processor 110 of client 1024, with computer-readable instruc-
tions. Other examples of suitable media may comprise a
floppy disk, Compact Disk Read Only Memory (CD-ROM),
magnetic disk, memory chip, ROM, Random Access
Memory (RAM), an ASIC, a configured processor, all optical
media, all magnetic tape or other magnetic media, or any
other suitable medium from which a computer processor can
read instructions. Also, various other forms of computer-
readable media may transmit or carry instructions to a com-
puter, including a router, private or public network, or other
transmission device or channel, both wired and wireless. The
instructions may comprise code from any suitable computer-
programming language, including, for example, C, C++, C#,
Visual Basic, Java, Python, Peri, and JavaScript.

Client devices 102a-z may also comprise a number of
external or internal devices such as a mouse, a CD-ROM, a
keyboard, a display, or other input or output devices.
Examples of client devices 102a-7 are personal computers,
digital assistants, personal digital assistants, cellular phones,
mobile phones, smart phones, pagers, digital tablets, laptop
computers, Internet appliances, and other processor-based
devices. In general, a client device 102a-» may be any type of
processor-based platform that is connected to a network 106
and that interacts with one or more application programs.
Client devices 102a-r may operate on any suitable operating
system, such as Microsoft® Windows® or Linux, capable of
supporting one or more client application programs. For
example, the client device 1024 shown comprises a personal
computer executing client application programs, also known
as client applications. The client applications can be con-
tained in memory 108 and can comprise, for example, a word
processing application, a spreadsheet application, an e-mail
application, a media player application, an instant messenger
application, a presentation application, an Internet browser
application, a calendar/organizer application, and any other
application or computer program capable of being executed
by a client device.

Through the client devices 102a-n, users 112a-» can com-
municate over the network 106 with each other and with other
systems and devices coupled to the network 106. As shown in
FIG. 1, aserver device 104 is also coupled to the network 106.
In the embodiment shown, a user 112a-» can generate a
search query 114 at a client device 102a-r. The client device
102a-n transmits the query 114 to the server device 104 via
the network 106. For example, a user 112a types a textual
search query into a query field of a web page of a search
engine interface displayed on the client device 1024, which is
then transmitted via the network 106 to the server device 104.
In the embodiment shown, a user 112a-r inputs a search
query 114 at a client device 102a-7, which transmits an asso-
ciated search query signal corresponding to the search query
to the server device 104. The search query may be transmitted
directly to the server device 104 as shown. The query signal
may instead be sent to a proxy server (not shown), which then
transmits the query signal to server device 104. Such an
embodiment may be utilized, for example, to generate alog of
a user’s behavior while accessing the network 106.

The server device 104 shown comprises a server executing
a search engine application program, such as the Google™
search engine. Similar to the client devices 102a-n, the server
device 104 shown comprises a processor 116 coupled to a
computer-readable memory 118. Server device 104, depicted
as a single computer system, may be implemented as a net-
work of computer processors. Examples of a server device
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104 are servers, mainframe computers, networked comput-
ers, a processor-based device, and similar types of systems
and devices. Client processors 110 and the server processor
116 can be any of a number of well known computer proces-
sors, such as processors from Intel Corporation of Santa
Clara, Calif. and Motorola Corporation of Schaumburg, I11.
Although the processes described herein are described in
relation to the client and server, a client may perform any or
all of the processes described as being performed by a server.
Similarly, a server may perform any or all of the processes
described herein as being performed by a client.

Memory 118 contains the search-engine application pro-
gram, also known as a search engine 120. The search engine
120 locates relevant information in response to a search query
from a user 112a-n.

The server device 104 also includes an analyzer application
122. The analyzer application, or analyzer, comprises an
application that may analyze data. The analyzer 122 shown in
FIG. 1 comprises a software application that receives and
analyzes data. The analyzer 122 shown reads log-file infor-
mation and derives aggregated (and non-aggregated) data
based on the log-file information. Although the analyzer 122
is depicted as an application program executing on the server
device 104, in other embodiments, the analyzer 122 may
comprise various other hardware and software and may
execute independently of the server device 104. The analyzer
122 shown in FIG. 1 may comprise computer code for carry-
ing out all or some of the methods ascribed to the analyzer
below, including those described with reference to FIGS. 2-4.

The server device 104, or related device, or related device,
has previously performed a crawl of the network 106 to locate
articles, such as web pages, stored at other devices or systems
connected to the network 106, and indexed the articles in
memory 118 or on another data storage device, such as data
store 130.

The data store 130 can be any type of suitable computer-
readable media and can be integrated with the server device
104, such as a hard drive, or external to the client server device
104, such as an external hard drive or on another data storage
device accessed through the network 106. The data store 130
may comprise any one or combination of methods for storing
data, including without limitation, arrays, hash tables, lists,
and pairs.

Articles comprise, for example, data elements from a data-
base, web pages of various formats, such as Hypertext
Markup Language (HTML), eXtensible Markup Language
(XML), eXtensible Hypertext Markup Language (XHTML),
Portable Document Format (PDF) files, and word processor,
database, and application program document files, audio,
video, or any other documents or information of any type
whatsoever made available, on a network (such as the Inter-
net), a personal computer, or other computing or storage
means. The embodiments described herein are described gen-
erally in relation to HTML files or documents, but embodi-
ments may operate on any suitable type of article.

The search engine 120 responds to the query signal by
generating and returning a set of relevant search results. Typi-
cally, search results are returned as an ordered result set
formatted as a list to client device 102a-» from which the
search query originated. The result set comprises one or more
search results, and the search results may comprise one or
more article identifiers. An article identifier may be, for
example, a Uniform Resource Locator (URL), a file name, a
link, an icon, a path for a local file, an index in a database, an
indicator of a single destination, item, or location, or any
other suitable article identifier. The result set may include
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additional elements as well, including, for example, a snippet
associated with each search result.

The search engine 120 also comprises a web server appli-
cation. The web server responds to Hypertext Transfer Pro-
tocol (HTTP) requests by executing code. The web server
also stores one or more logs of activity on the web server. The
data is typically written to a file, database, or other data store,
and stored in a binary format. The log, or log file, may be
stored, for example, in data store 130. The logs typically
include information regarding activity such as access and
errors. For example, an access (or transfer) log includes an
entry for each access of the web site. Each entry includes an
Internet protocol (EP) address of the requestor, the date and
time; the URL, the method of access, the client (e.g., the
browser application), the status, cookie information, and
other information about the access. By analyzing a series of
entries, patterns of usage can be identified. For example, in an
HTTP request directed to the search engine 122, the URL
includes information that can be used to reconstruct the
search query 114 entered by the user. In the embodiment
shown in FIG. 1, data store 130 comprises two log files, Log
File 1 132 and Log File 2 134.

It should be noted that embodiments of the present inven-
tion may comprise systems having different architecture than
that which is shown in FIG. 1. For example, in some systems
according to the present invention, server device 104 and
server device 122 may comprise a single physical or logical
server. The system 100 shown in FIG. 1 is merely exemplary,
and is used to explain the exemplary methods shown in FIGS.
2-4.

Example Methods

Various methods according to the present invention may be
implemented in the environment shown in FIG. 1 and other
environments. Methods according to the present invention
may be implemented by, for example, a processor-executable
program code stored on a computer-readable medium.
Example methods according to the present invention are
described below.

The example methods described below include methods of
competitive evaluation of ranking functions as a function of
user behavior (such as clicks or other interactions by the user
with search results). The sections below entitled “Determin-
ing Ranking Algorithm Quality By Comparing Interaction
Profiles of Ranking Algorithms” and “Comparing Algo-
rithms on Different Classes of Queries” include descriptions
of such methods. Example methods described below also
include methods of evaluation of a search result across que-
ries to determine the probable quality of a particular object,
such as a search result. The sections below entitled “Evalua-
tion of a Particular Class of Search Result” and “Manipulated
Article Identification” include descriptions of such methods.

These two types of methods, and other types of methods,
are described throughout the description. First, log files and
interaction profiles are introduced, and an example method of
deriving an interaction profile is described.

Introduction to Log Files

Activity on the search engine 122 is tracked and stored in a
log file. Creation and analysis of log files will be described
briefly herein with reference to the exemplary process shown
in FIG. 2. A log file may include, for example, user-behavior
data, or data indicating a user’s behavior relative to an object,
such as search results returned to the user by a search engine
in response to the user’s query. User-behavior data may com-
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prise, for example, data reflecting actions by the user. Actions
by the user may include, for example, clicks on search results,
clicks on advertisements, refinements of queries (such as the
user’s submission of new queries after submission of an ear-
lier query that are similar to the earlier query), and other
actions. Examples of other actions may include explicit or
implicit indications of interest, such as hovering over or in the
area of a potential selection, the area(s) of the screen the user
may be viewing, and other data.

In one embodiment, a log file may comprise data indicating
a search query received by a search engine from a user, the
internet protocol (IP) address from which the search query
originates, a cookie from the user, the response to the query by
the search engine (such as, for example, the search results
returned to the user in response to the query in the form of a
search result set), actions taken by the person submitting the
search query (such as actions taken by the person in relation
to the search results provided by the search engine in response
to the query, including actions such as selecting a search
result, and such as the submission of a new or revised query by
the person), time that actions occurred, and other data. In one
embodiment, the search result set comprising all of the search
results determined by the search engine in response to the
user’s query is recorded in the log file. In other embodiments,
fewer than all of the search results may be recorded.

To include in a log file the selection of a search result by a
user, such as the “clicking on” of the search result by the user,
various techniques may be used. For example, a link embed-
ded in a search result may point to the search engine’s site,
and when a user clicks on the search result, the user’s selec-
tion may first be directed to the search engine site (at which
time the selection of the search result may be recorded in the
log file), and then the user may be redirected to the site
associated with the search result. As another example, code
(such as Javascript) may be placed in the page used to present
search results to the user such that notification of the user’s
selection of a search result is sent to the search engine at the
time of selection.

As one example, in one embodiment, a search query sub-
mitted to the search engine 120 is represented by variables in
a query string of a URL directed to the search engine. For
instance, a query of the Google™ search engine for the terms
“bmw convertible used” may result in the following URL
being submitted to the search engine “http://www.google-
.com/search?hl=en&ie=UTF-8&o0e=UTF-8&q=bmw+con-
vertible+used.” This URL may be recorded in the log file 132.

In the example illustrated in FIG. 1, a log file 132 compris-
ing the data discussed above for multiple search queries
across multiple users using a particular ranking algorithm has
been developed and stored. The log file 132 may be stored in
any suitable location. The log file shown in FIG. 1 is located
in the data store 130. The log file 132 comprises the types of
log-file data mentioned above recorded in relation to the
particular search algorithm.

For illustration purpose, the system illustrated in FIG. 1 is
used to describe the method shown in FIGS. 2-6. Of course,
the methods shown in FIGS. 2-6, and other methods, may be
carried out by other systems.

The example methods of deriving an interaction profile
described make use of log files. Log files are used only as an
example of the type of data that may be used, as other types of
files and information may be used in accordance with the
present invention.

Introduction to Interaction Profiles

An interaction profile comprises data indicating one or
more interactions that have occurred with an object of the
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profile. One example of an interaction profile comprises a
selection profile. A selection profile may comprise data indi-
cating a histogram of one or more of various types of one or
more interactions (such as clicks) for an object of the profile.
A selection profile may be referred to as a click profile in an
environment in which many of the interactions with the object
is carried out through clicking an input device, such as a
mouse, to select and/or interact.

An object comprises the item or object that constitutes the
subject matter of concern, operation, or analysis. One
example of an object in accordance with the present invention
is a particular search result. Another example of an objectis a
group of search results, whether in a search result set, multiple
search result sets, or otherwise. Another example of an object
is a particular URL. Another example of an object is a par-
ticular domain, which may include multiple URLs. There
may be other suitable objects, and these serve only as
examples.

In one embodiment, a click profile comprises aggregated
data reflecting behavior of one or more users over all queries
on an individual search result. For example, the data may
reflect user behavior relative to a search result when the
search result is returned to a plurality of users when submit-
ting a plurality of different search queries. In another embodi-
ment, a click profile comprises aggregated data reflecting user
behavior over all queries on a plurality of search results (in-
cluding, for example, all search results over a time period for
an algorithm). For example, the data may reflect user behav-
ior relative to a group of search results (whether previously
returned in the same search result set or not) when one or
more of the search results in the group result are returned to a
plurality of users when submitting a plurality of different
search queries.

As one example, a click profile may comprise data indicat-
ing a histogram for a search-result set returned by an Internet
search engine in response to a search query. The histogram
may be, for example, a histogram of click types and/or dura-
tions. The click profile for the search result set may include
one or more of a variety of metrics (or attributes or proper-
ties). Metrics are standards or properties of measurement. The
metrics in a click profile may include metrics indicating a
level of satisfaction with an object, such as a search result or
a search result set. A level of satisfaction indicates a level or
degree of satisfaction. For example, a click profile for a
search-result set may comprise the total number of clicks
made on the set during a user session, the total number of
single, long clicks made on the set during a user session, the
ratio of long clicks to short clicks on the result set during a
user session, and the number of refinements of the original
query made during a session. A click profile for a particular
search result may comprise these same metrics. The metrics,
and other metrics, may indicate the level of satisfaction that a
human being has or had in relation to an object or an interac-
tion.

Short and long clicks are relative terms. A short click
indicates that the user returns to the result set shortly after
clicking on one of the results (e.g., a user clicks on a URL in
a result in a result set, views the page associated with the
URL, and immediately clicks the “Back” button on the user’s
Internet browser). In one embodiment, a short click is a click
that is less than 80 seconds in duration. A long click indicates
that the user either returns to the result set after a relatively
significant time viewing other pages (e.g., after 200 seconds
ormore), or does not return to the result set. A long click often
indicates that the user located content of interest upon click-
ing on a result in the result set.
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A click profile may include other information. For
example, in a click profile for a search result (a result in a
search result set), the click profile may include the click
sequence. For example, the click profile may indicate whether
an action occurred before or after another action in a session.
In other embodiments, the location of the search result when
clicked on (for example, the first result in the search result set,
or the fifth, or the tenth), and the page on which the search
result clicked on resided (first page returned, second page
returned, etc.), may also be indicated in the click profile. In
some search-engine systems, the user may alter the number of
search results provided per page, and thus recording the
search result’s ranking and the page number on which it
appeared may be beneficial. The click profile may also
include an indication of whether the search result was the first
result clicked on in the search result set, was the second result
click on, or was later in a sequence of clicks. In one embodi-
ment, a click profile may comprise arbitrary observable infor-
mation about a user session that contains a result. Such infor-
mation may include, for example, the number, sequence, and
duration of clicks.

A click profile for an object, such as a search result, across
multiple user-sessions may be useful in evaluating search
algorithms and other aspects of providing search results.
These multiple user-sessions may be sessions of many difter-
ent people. Aggregating data for an object across multiple
user sessions to construct an interaction profile, such as a
click profile, for the object may provide a reliable basis for
analysis. For example, a click profile for a particular search
result may include data associated with all instances of a
particular query for which returned results include the par-
ticular search result, data associated with all instances in
which the particular search result is included in returned
results for any search query, or other data. Similarly, a click
profile for a particular domain may include data associated
with all instances of a particular query for which returned
results include the particular domain, data associated with all
instances in which the particular domain is included in
returned results for any search query, or other data. As still
another example, a click profile for a particular search (or
scoring) algorithm may include data associated with all
search results for all queries processed by the algorithm over
a defined time period or other data.

Accordingly, a click profile may include all, none, or some
of the properties or metrics mentioned above in relation to a
click profile for an object, with the quantities aggregated
across the multiple user-sessions. Other properties or metrics
may also be included in such a click profile. As one example,
a click profile for a search-result set across multiple user-
sessions may include the ratio of single to multiple clicks on
the search-result set (for example, the number of times a user
clicked on only one search result in the result set (single
clicks) to the number of times a user clicked on more than one
search result in the result set (multiple clicks)). Multiple
clicks, as used herein, typically refers to the situation in which
a user clicked on more than one result during a user session.
Thus, in one embodiment, in any given user session, there
may be no clicks, one click, or multiple clicks.

The properties or metrics within a click profile may vary
according to its object, according to its intended use, or other
factors. Also, the method of determining the click profile may
vary depending on its object. For example, determining a
click profile for a particular ranking algorithm may involve
determining attributes or metrics across multiple user-ses-
sions involving the interactions of multiple users with mul-
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tiple search result-sets. It is desirable for the click profile
developed to include the data needed or useful in methods
carried out using the profile.

Example of Deriving an Interaction Profile

FIG. 2 is a flowchart illustrating a process for deriving an
interaction profile in one embodiment of the present inven-
tion. In the example method illustrated in FIG. 2, an analyzer
122 examines the log file created by the server device 104 in
response to access of the search engine 122 by one or more
persons 112a-n, and determines a click profile for an object.
In the embodiment shown, the object is a group of search
results. The method makes use of a log file 132, previously
constructed as described above.

Referring to the embodiment shown in FIG. 2, the analyzer
122 first groups the log entries in the log file 132 by user by
sorting interaction data in the log entries by user 200. A
particular user’s interactions, as recorded in the log file over
a time period, may be identified in any suitable manner. For
example, a user may be identified by the user’s IP address.
However, many users’ Internet Protocol (IP) addresses
change from session to session. As another example, the
search engine may provide each user with an identifying
cookie or other identifying data. The presence of the cookie
may then be logged in the log file 132, along with identifying
information, to indicate the activity of a particular user. The
analyzer 122 then sorts the interactions recorded in the log file
132 by user (as identified by IP address, cookie-based iden-
tification, or other identification), grouping the interaction
data recorded in relation to the sessions for a user together,
and records the sorted-by-user data in a sorted log file 136.
This sorted log file 136 may be stored in the data store 130 or
in another suitable location.

Once the sorted log file 136, sorted by user, has been
created, the analyzer then begins its analysis of the sorted log
file 136 to determine the data used to create a click profile.
The analyzer 122 identifies a user for analysis 201. In the first
instance, in one embodiment, the analyzer 122 reads the
sorted log file 136 and identifies the first user indicated in the
sorted log file 136 as the user for current analysis. As dis-
cussed below, the process will repeat for the nextuser listed in
the sorted log file 136, and so on, in one embodiment of the
present invention.

After identifying the user for current analysis 201, the
analyzer 122 then identifies the beginning of a session in the
sorted log file 136 for the user, and determines a search query
of interest 202. Identifying the beginning of a session may
comprise, for example, identifying a point in the sorted log
file 136 at which a first interaction for a user is recorded. In
other embodiments, a new session may be indicated by the IP
address ofthe user (or requestor) changing, a pre-defined time
passing before a next interaction occurs, or other standard. A
session typically indicates data associated with a single per-
son’s interactions with the search engine 120, but can also
involve multiple users.

Alter the analyzer 122 determines the beginning of a ses-
sion, the analyzer 122 determines a search query submitted
during the session. For example, in one embodiment, the
analyzer 122 determines a search query submitted during the
session by accessing the sorted log file 136, and parsing a log
entry containing the search query. In the instance that the log
entry comprises the URL submission mentioned above, the
analyzer 122 may extract the search query from the values of
the variable q in the query string (“bmw+convertible+used”
in the example given).
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The analyzer 122 next determines the search results pro-
vided by the search engine for the determined search query.
For example, the analyzer 122 may determine article identi-
fiers that would or did result from the search query 206 when
searched by a search engine using the particular algorithm. In
one embodiment, the search results returned to the user dur-
ing the session have been recorded in the log file 132, and are
recorded in the sorted log file 136. Thus, in such an embodi-
ment, the analyzer 122 may determine the search results
provided by examining the sorted log file 136 for that session.
In another embodiment, for example one in which search
results are not recorded in the log file 132, the analyzer 122
may resubmit the query to the search engine 122 (if still using
the particular algorithm at issue) or another search engine
using the algorithm associated with the web file in to deter-
mine the result set, access an archive of search results for
queries, or otherwise determine the content and order of the
result set for the search query in relation to the particular
algorithm at issue.

In the embodiment shown in FIG. 2, the analyzer 122 then
proceeds sequentially through the sorted log file 136 and
identifies a next action 208. The next action comprises data
indicating an action, typically a subsequent action, associated
with the requestor’s interaction with the search engine, such
as the requestor’s interaction with results from the search
engine. Initially, the analyzer 122 determines a next action
comprising the next action recorded in the sorted log file 136
that occurred after the requestor received search results in
response to the requestor’s search query. In the embodiment
shown, the next action comprises data indicating clicking on
a result, changing the query, or a session change.

The analyzer 122 may identify the next action as a selection
of'a result in the returned search results, such as clicking on a
result 208. For instance, the analyzer 122 may compare the
article identifiers in the result set to the URL indicated as
selected by the user in the sorted log file 136. If the URLs
match, the analyzer 122 concludes that the user clicked on the
result associated with the URL. In one embodiment, the tog
file 132 and the sorted log file 136 include an indication that
a URL selected by the user was included in the search result
set.

The analyzer 122 identifies the result selected 210. Identi-
fying the result may comprise, for example, identifying the
URL associated with the selection, determining the sequence
and page number of the result within the result set, and deter-
mining any other properties of the result desired that may be
used subsequently.

Based on entries in the sorted log file 136, the analyzer 122
may then determine if and when a session returns to the search
engine 212. For instance, the analyzer 122 may examine the
sorted log file 136 to identify that the user under analysis
selected a result from a result set, and then interacted again
with the search results or the search engine within 300 sec-
onds of such selection, and the analyzer 122 may treat those
actions associated with the user as having occurred during the
same session. This is just one example of an identification of
a return of a session to the search engine. In another embodi-
ment, the analyzer 122 may treat an interaction that occurs
within a pre-defined time period (for example, 1800 seconds)
after the previous interaction recorded for the user in the
sorted log file 136 as part of the same session as the previous
interaction. In another embodiment, the analyzer may treat
the user entering a query that is not a refinement as a new
session. In still another embodiment, the analyzer may treat
the user entering a query that is different from the original
query of the session as a new session.
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The analyzer 122 may then calculate the duration between
the request for the result (e.g., the click) and the return 214.
The duration reflects the time between activities visible to the
search site, and is estimated by the analyzer 122 from the
timestamp offsets between interactions found in the sorted
log file 136. The analyzer 122 may compute the values of
other metrics as well by, for example, examining the sorted
log file. For example, in one embodiment, the analyzer 122
computes a delay. The delay represents the time that the user
spent looking at the search page to determine which result to
click.

The method shown in FIG. 2 illustrates a method in which
aresult, return, and duration are determined. In other embodi-
ments, one or more of these attributes may be incalculable,
not present, or otherwise not determinable. In one such
embodiment (not shown), the method returns to the next
action determination 208 in such an event. In another such
embodiment (also not shown), the attributes that may be
determined are determined, and then the method returns to the
next action determination 208.

Also, in other embodiments, further or different attributes
or metrics associated with the session may be determined and
stored. Essentially, the analyzer 122 may determine attributes
or metrics associated with the sessions that will be necessary
or useful in constructing a click profile for the object of the
analysis.

After calculating duration 214, the analyzer 122 deter-
mines the next action using the log file 208. If the next action
is determined to be the receipt of a new query (or a query
change) from the user within the session, the analyzer 122
determines whether the new query is a refinement of the
existing query 216. In one embodiment, the analyzer 122
determines a new query is a query refinement if the new query
and the old query share a common term. In another embodi-
ment, the analyzer 122 determines that a new query is a
refinement of an old query if the queries share a common
synonym. For example, if an old query includes the term “car”
and a new query includes the term “automobile,” the new
query is treated as a refinement of the existing query. Typi-
cally, a user refines a query when the user is not satisfied by
the results returned by the first query.

After determining the submission of a new query in a
session 208, and determining whether the new query is a
query refinement 216, the analyzer 122 determines the result
set for the new query 206 (for example, by any one of the
methods described above). The analyzer 122 then determines
what action is occurring 208 and proceeds accordingly.

Inthe embodiment shown in FIG. 2, the process is repeated
for all users and sessions in the sorted log file 136. If the next
action determination 208 determines that the next action in
the log file is a session change, then analyzer 122 then deter-
mines if there is a next session for analysis 218. For example,
the analyzer 122 may look in the sorted log file 136 to deter-
mine if there is a subsequent session for the user to the session
under analysis. If there is a next session, the method shown
repeats, beginning again at block 202 for the next session. If
the analyzer determines that there is no next session for the
user under analysis in the sorted log file 136, the analyzer
determines if there is data recorded in the sorted log file 136
for a next user 219. For example, the analyzer 122 may look
in the sorted log file 136 to determine if there is a subsequent
session recorded in the sorted log file 136 that is for a different
user. [fthere is data for a next user, the method shown repeats
for the next user, beginning again at block 201 by identifying
the next user.

When carrying out methods as shown in FIGS. 2-6,
described herein, and otherwise, the analyzer 122 stores the
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results of the identifications, calculations, determinations,
and other analysis data in memory or in a data store, such as
data store 130. The data stored may comprise instances of the
triple (s,q,r), where s is a collection of session-related prop-
erties, q is a collection of query-related properties, and r is a
collection of result-related properties. An instance comprises
an occurrence or presence.

The session collection s may comprise, for example, the [P
address of the session, the time and date that the session
occurred, and other session-related data. The query collection
q may comprise, for example, the search terms of a query
submitted during the session s, the class of the query (e.g.,
navigational or search, etc.), and whether the query was
refined or not. The result collection r, may comprise, for
example, the result set returned in response to the query, the
sequence of results, click data for each of the results in the
result set, including quantity, sequence, and duration of
clicks, and other result-related information. The sequence of
clicks refers to the number of clicks within a session. An
instance of the triple (s,q,r) may be stored for each session
identified in the log file. The data stored as the triple (s,q,r)
should comprise the data necessary or useful in determining a
click profile for the desired object of consideration. The triple
(s,q,r) may provide the information to compute interaction
profiles for one or more search results or groups of search
results of interest.

There are a variety of ways to use such data to generate a
click profile. Moreover, click profiles may be generated for
any one or a group of objects, such as a search result, or a
search result set. Click profiles may also be generated for
other objects, such as a ranking algorithm (or scoring algo-
rithm), a group of algorithms, a particular query, or other
suitable object.

In one embodiment, the instances of (s,q,r) provide the raw
data for deriving a click profile for a search result, group of
search results, or other object. For example, utilizing the raw
data, the analyzer 122 can provide an aggregated click profile
for search results of specific queries and classes of queries, as
well as an aggregated click profile for specific results or result
sets. In one embodiment, this data may be further refined to
constitute a click profile.

Referring again to FIG. 2, in one embodiment according to
the present invention, when the analyzer 122 determines that
there is no next user for analysis in the sorted log file 136, the
analyzer may then determine one or more click profiles. For
example, a click profile may be determined for one object, or
multiple click profiles may be determined for multiple
objects, selected by an operator or by computer. Referring to
block 220, the analyzer 122 next determines an object of
interest. As indicated by the examples above, this may be
done in any suitable manner. For example, the analyzer 122
may ask an operator to indicate an object of interest by asking
the operator for a query of interest, and then the analyzer 122
may designate the search result set associated with the query
as the object of interest. As another example, the analyzer 122
may select some order of search result sets as objects of
interest (for example, by time received by a user, alphabetical
order based on query associated with the search result set, by
the number of times provided, or other measure), and select
the first one in the order for analysis. As still another example,
the analyzer 122 may ask the operator to designate a search
result of interest by asking an operator to input a URL reflect-
ing the search result of interest to the user. In another embodi-
ment, an operator may select a type of object for analysis
because the operator wishes to conduct an analysis for each
object of a certain type or kind (for example, the type or kind
of'object selected may be domains that appear in a large set of

30

40

45

50

14

sessions, and thus the objects of interest will be those
domains). In one such embodiment, the analyzer would gen-
erate a click profile for each of those domains automatically.

Once an object of interest has been determined 220, the
analyzer 122 then identifies all instances of the object in the
raw data previously generated 222. In block 220 or block 222,
the analyzer 122 may identify these instances. In other
embodiments, if the object of interest is a group of search
results that constitutes a search result set for a query, the
analyzer may identify instances of the search result set by
identifying occurrences of the query (or queries) associated
with the search result set. In other embodiments, fewer than
all of the instances may be identified and used.

As one example, the object of interest may be a particular
search result input by the operator. Once the instances of the
object of interest, in this case a particular search result, has
been identified 222, the analyzer 122 determines the click
profile associated with the search result of interest across
multiple sessions 224. This may be carried out in a variety of
ways. In the embodiment shown, the click profile for the
search result of interest across multiple sessions comprises
interaction attributes, such as click-duration data, multiple-
click data, and query-refinement data. Click-duration data
comprises data relating to the duration(s) of one or more
clicks. Multiple-click data comprises data relating to the
instance of greater than one click in, for example, a user
session. One example of multiple-click data is data indicating
that there was, or was not, more than one click during a user’s
session with search results. Query-refinement data comprises
data relating to the refinement of a search query in, for
example, a user session. Examples of query-refinement data
may include data indicating whether or not the user refined an
original query during a user session, and data indicating the
substance or text of the refinement itself. In one embodiment,
the click profile comprises the total number of clicks made on
the search result during a user session, the total number of
single, long clicks made on the search result during a user
session, the ratio of long clicks to short clicks on the search
result during a user session, the number of refinements of the
original query made during a session when the search result
was returned in a search result set, and the ratio of single to
multiple clicks on search-result sets that included the search
result. To determine the click profile for the search result of
interest, the analyzer 122 may determine these metrics by
calculating them based on the raw interaction data described
previously. Other embodiments may include other or differ-
ent properties or metrics in the click profile. The value of the
metrics (e.g., the length of time, text of query refinement, a
yes or no indicator, or other value) May be calculated and
stored in the click profile.

In one embodiment, these properties or metrics are aggre-
gate totals. That is, if there are one thousand instances of the
search result set in the data, and in each and every instance of
the search result set, the user made two long clicks during a
session, the metric of long clicks made on the set during a user
session in the click profile for the search result set would be
two thousand. In other embodiments, the data associated with
each search result set is used to determine an average for each
metric desired. Thus, in the previous example, the metric of
long clicks made on the set during a user session in the click
profile for the search result set would be two (i.e., the average
across all instances). Any aggregate statistic or combination
of aggregate statistics may be used, including the mean,
median and mode, as well as variance, skew and higher
moments, histograms and more-complex parametric and
non-parametric data models. As mentioned, a click is just one
type of selection, and interaction profiles may comprise non-
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click data. For example, the interaction profile of a result can
comprise information about when it was presented but not
clicked on, such as the fraction of time it was presented and
not clicked on, the fraction of time it was presented in a
session where one result was clicked on, but it was not the
result in question.

Further refinement may be carried out in generating a click
profile. For example, a combination of properties or metrics
for a search result set in a session may be weighted to deter-
mine its contribution to a property or metric for the overall
analysis of the search result set.

Thus, the analyzer 122, in calculating the values of prop-
erties or metrics to be used in the click profile for a search
result set across multiple user-sessions may take into account
general metrics associated with user behavior in deriving a
click profile. It may choose to weigh various properties or
metrics accordingly. For example, it has been observed that
typically, clicks on search results decrease sharply with posi-
tion. About 55% of all clicks occur on the first 5 results, and
about 75% of all clicks occur on the first page. Also, out of all
clicks, the maximum fraction, 22%, goes to first position
clicks. The drop-off function can be modeled either by a
linear approximation or a power law. Further, the fraction of
single clicks decreases as the position increases (i.e., as the
result appears further down in the result set).

Also, it has been observed that navigational queries have a
very low refinement rate (<about 0.3%) and a high instance of
single clicks (about 81%). Further, long queries and queries
with syntax have several percentage point differences in over-
all click through and in the proportion of single/multiple
clicks observed. Of clicked sessions, short queries average
about 58% single clicks, while long queries average about
52% single clicks. These and other observations may be used
in calculations and determinations according to the present
invention. Such data may be used, for example, in a stratifi-
cation method or other method. For example, metrics may be
aggregated separately for different cases, such as navigational
and non-navigational, and then compared for each class inde-
pendently. Referring again to FIG. 2, the determination of an
object of interest 220, identification of instances 222, and
determination of a click profile for the object of interest across
multiple user sessions and multiple users 224 may be
repeated for all or less than all of the objects of interest
identified as present in the analysis (not shown). For example,
if there are multiple search results in the object of interest,
such as in a particular search result set, a click profile for each
of the search results across multiple user sessions and mul-
tiple users may be determined in this manner.

In another embodiment, the raw data, or instances of (s,q,r)
itself, may serve as the click profile. That is, in certain
embodiments, the body of instances of (s,q,r) data, or a sub-
set thereof, may serve as a click profile.

Interaction profiles, such as click profiles, may beused in a
variety of ways. Some examples are provided below.

Evaluation of a Particular Class of Search Result

Click profiles may be utilized to evaluate the likely quality
of'an object, such as a searchresult. The quality ofa particular
search result as indicated by its click profile may be compared
with the quality of other search results in a group of results of
interest (such as a group of results in a result set) to detect
differences in user behavior. This detection may be used to
detect an article with an undesired attribute, to detect a
manipulated article (such as spam), to detect a high-quality
search result that should appear higher in search rankings, to
evaluate the quality and usefulness of a search algorithm, and
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for other purposes. A manipulated article comprises an article
that has been manipulated. For example, a manipulated article
may comprise an article that has been manipulated specifi-
cally to influence a search engine’s treatment of the article.

Inone embodiment of such a utilization, a click profile may
comprise information useful to identify a particular search
result as likely “good” or “bad,” or to identify the domain
associated with the result as likely “good” or “bad.”” At an
individual-interaction level, a user-behavior profile for a
search result is affected by both position in its search result set
and presentation bias—attributes of the result that attract the
user to click on the result but are not necessarily linked to
result quality (e.g., mimicking the user’s query in the result).
Analysis of the probability that a search result is “good” or
“bad” search result using data for multiple users across mul-
tiple user-sessions may attenuate this affect on search-result
quality analysis.

The quality of an object, such as a search result, may
comprise a characteristic or property of the object that indi-
cates its degree or grade of satisfaction of a desire, interest, or
search. For example, a high-quality search result may indicate
a search result that is associated with content of interest that is
perceived as satisfactory by a person. A low-quality search
result may indicate a search result that is associated with
content that is perceived as unsatisfactory by a person.

The terms “good” and “bad” relative to search result pro-
vide an approximate quality of the search result, as perceived.
For example, a “good” search result may be a search result
that is of high quality; that is, it is associated with content of
interest that is perceived as satisfactory by a person. Likewise,
a “bad” search result may be a search result that is of lower
quality—that is, a search result that is associated with content
that is perceived as unsatisfactory by a person. As the level of
satisfaction of a human being is inherently a subjective vari-
able, analysis of the relative “goodness” of a search result is
inherently an approximation of likely human perception.

A degree of quality, or a degree of “goodness,” or a degree
of “badness,” may be determined. Such a degree may indicate
the relative level or magnitude of the trait.

Moreover, thresholds in relation to such degrees may be
designated. For example, a function may determine that a
particular search result should be assigned a value of 0.55 as
a degree of “goodness,” and that another search result should
be assigned a value of 0.45 as a degree of “goodness.” A
method used may be to designate all search results with a
value of 0.5 or higher as “good” results, and all search results
with a value of 0.49 or lower as “bad” results. The setting of
these thresholds may be done by observation, experiment, or
other ways. Further, the definition of “good” and “bad” may
be defined numerically in a particular utilization.

FIG. 3 shows an example method for estimating the quality
of'an object according to the present invention. In one method
according to the present invention, prior to undertaking a
quality-analysis of a particular object, initial probability esti-
mates for various user actions are learned 302. In one embodi-
ment, these estimates are learned by comparing human-la-
beled result qualities to logged click behavior over a large set
of (query, document) pairs obtained or derived from click
profiles. This comparison allows for the determination of the
metric values that indicate desirability. In one such embodi-
ment, a human evaluator assigns a quality rating to a search
result by examining the search result, and the content to
which it may be linked, as returned for the used search query.
The quality rating may comprise a number between 0 and 10.

For example, these human evaluators may evaluate a des-
ignated group of search results. In one embodiment, the group
of search results is a relatively large group of search results.
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Click profiles for this large group of search results are gener-
ated using methods like that described in relation to FIG. 2.
These profiles indicate the actions taken by multiple users
across multiple session sets.

The human-labeled result qualities for this large group of
search results are then compared with the logged click behav-
ior over a large set of (query, document) pairs for the large
group of search results. Accordingly, through observation, the
likelihood that a particular action, or a sequence of actions,
results in a user clicking on a result that includes good content
or that the user will perceive as good can be learned.

In one embodiment, based on such a comparison, the like-
lihood of an action taken resulting in the user finding satis-
factory, or good, content by taking the action is determined to
be as follows, p(goodl observation):

TABLE 1
Duration
Not
Sequence Clicked Short  Medium Long Last
None 0.2 X X X X
Single 0.2 0.621 0.758 0.9 0.738
Multiple (not last) 0.2 0.2 0.646 0.545 X
Multiple (last) 0.2 0.299 0.507 0.510  0.557

Table 1 above is an example of computing P(good |{click
type, sequence). There are a variety of refinements that may
be made in relation to such functions, and this table provides
just one example.

In the table above, the rows indicate clicks sequence type.
The first sequence type, or first row, is a session in which no
results were clicked. The second sequence type is a single
click in a session (e.g., just one selection made in the session).
The third and fourth types (third and fourth rows) are species
of multiple clicks. A click that is a multiple click is one that is
one of two or more clicks in a session. If that multiple click is
the last click made in a sequence of clicks in a session, it is
categorized as a Multiple (Last) type. If that multiple click is
not the last click made in a session, it is categorized as a
Multiple (Not Last) type.

The columns indicate the duration of the click observed.
The first column indicates an instance in which no click was
observed. The second column indicates a click of short dura-
tion. For the data in the table shown above, a click of short
duration is one that is less than 80 seconds, a click of medium
duration is one that is greater than 80 seconds and less than
200 seconds, and a click of long duration is one that is more
than 200 seconds. These duration-time designations were
learned through observation by the techniques described
herein. The fifth column (“last™) indicates a click from which
the user did not return, and thus for which no duration is
available. For example, a click of “last” duration may indicate
aclick that is made by a user, and then the user does not return
to the search result set.

InTable 1 above, cells marked “X” are logically empty. For
example, in a session with no clicks (first row of the table), all
results must be of type “Not Clicked.”

A probability function to determine the quality of a par-
ticular object, such as the probability that a particular search
result is a good result, may vary according to preference, data
set behavior, and other factors. In selecting the probability
function, various factors should be considered. For example,
although clicks may indicate a user’s satisfaction with results
only fifty percent of the time, certain types of clicks represent
a user’s satisfaction eighty percent of the time. Long clicks
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(such as those with duration over two-hundred seconds) tend
to indicate user satisfaction (e.g., relevant content found).
Also, clicks that are the only click of a user on a set of search
results indicate user satisfaction with that result. In other
embodiments, combinations of these metrics may be used to
identify “good” results. One principle indicator is the ratio of
short to long clicks received by a result domain. A relatively
low ratio indicates a low quality or bad result set. Also, clicks
of'less than eighty seconds duration, or that are one of many
clicks in a sequence, frequently indicate low quality results.
However, clicks with short duration or that are part of a
multi-click sequence may also be indicative of browsing.
Thus, individual clicks are not reliable indicators for quality.
Further, the fact that results are not clicked on may serve as a
type of click, i.e., it provides additional information for rating
a set of results. These and other factors may be considered in
selecting a probability function.

For example, in one embodiment, the probability P that a
search result is “good” may be based on the following func-
tion:

P(good I{click,noclick}, position, duration, sequence,

refinement_next)

where {click,noclick} comprises the variable of whether a
search result was clicked or not, position comprises the vari-
able of the position of the search result in a search result set,
duration comprises the variable of duration for the search
result, sequence comprises the variable of sequence of the
selection of the search result, and refinement_next comprises
the variable of whether the original search query was refined
after selecting the search result.

In another embodiment, the following function may be
used to observe probability that the search result is a “good,”
or desirable, search result: P(goodlpage {click,noclick},
position, duration, sequence, refinement of query, display
position, presentation statistics), where the variables are as
mentioned above, with the addition of the display position
variable, which comprises the position of the search result
within a provided search result set (e.g., first, second, tenth,
etc.), and the presentation statistics variable comprises data
regarding the presentation of search results, such as the fre-
quency of presentation of the search result in a search result
set. Such functions and approaches, and other functions and
approaches, may be refinements on the function and approach
mentioned above with reference to Table 1.

Referring again to FIG. 3, an object, such as a particular
search result, may be selected for analysis, and the analyzer
122 may receive this selection 304. This selection may be
made in any suitable mariner. For example, a human operator
may select a particular search result for analysis by selecting
the search result from a list of search results provided in a
graphical user interface. A click profile for the object, such as
the search result selected, may then be obtained 306. For
example, the click profile may be constructed in a manner like
that described in relation to FIG. 2. Alternatively, the click
profile for the object may have been previously constructed,
and the analyzer 122 may locate the click profile for the object
in a database. A click profile useful in such analysis may
contain the data needed to determine the probability that the
particular result is good or bad, based on the factors in use in
the particular method to make such a determination.

After determining the click profile for a search result under
analysis, the analyzer 122 may estimate the quality of the
search result 308. For example, the analyzer 122 may calcu-
late an estimation of the quality of the search result. In one
embodiment, if sufficient data is available to generate various
metrics for a click profile, the quality of the profile may be
analyzed. In another embodiment in which data may be lim-
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ited or that is focused on a particular session, the probability
that a particular result is good based on prior user interactions
may be calculated. In other embodiments, these or other
suitable approaches may be used.

In one embodiment, a calculation of the quality of a search
result involves estimating a probability that the search result
is a “good” result is based on a variety of observable mea-
sures. In one such embodiment, the click profile for the search
result provides the analyzer 122 with the user-action data that
may be used to determine the number of short clicks, the
number of medium clicks, and other metrics that may be
indicative of the quality of the search result. The probability
that the search result is a good result is a product of this
user-action data and the probabilities set out above as applied
to user-action data. Expected goodness of search result given
observables may be calculated as a mean value. For example,
it may be calculated as the sum over all relevant observations:
1/m*sum_n[p(goodlobservation(n))].

In one embodiment, the analyzer 122 compares a click
profile metric, such as the fraction of long clicks, for a par-
ticular object of interest (such as a search result) with the
same metric for other comparable objects. Ifthe analyzer 122
determines that the metric for the particular search result of
interest is in the bottom 5% percentile (or, in another embodi-
ment, in the bottom 107 percentile) of the metric for such
comparable search results, then the analyzer designates the
search result of interest as a poor (or “bad” or “not good”)
result.

The quality probability of a search result or other object
may beused in any of a variety, of suitable ways. For example,
if the aggregated probability that the search results returned
by one algorithm are good is higher than the aggregated
probability that the search results returned by a second algo-
rithm are good, then an operator may further analyze the
reasons that the first algorithm returns a search result set with
ahigher probability. As another example, measurements from
the click profiles, from probability determinations, and other
determinations may be used as a signal in a scoring algorithm
for a search engine. For example, the analyzer 122 may assign
a number to a search result (such as a URL) between 0 and 1
that represents the probability that the result is a “good”
result. The number may then be used as a signal in a ranking
algorithm to score the search result for ranking purposes. For
example, this probability variable may be multiplied by a
score for the search result (URL) as calculated by a scoring
algorithm so as to affect the ordering of a result set. As still a
further example, such probabilities may be used to detect
manipulated articles, and this use is discussed further below.

It should be noted that a probability measure may be made
in any of a variety of suitable ways. For example, the metrics
involved in the calculation may be compared to expected
values, and if the metric exceeds the expected value, the
metric tends to indicate a higher probably that the search
result is a “good,” or desirable, search result. In other words,
the user performs a query and is expected to act in a certain
way (i.e., the analyzer 122 expects certain values for the click
profile metrics); if the user does not act in that way, it suggests
that the results are not “good.”

In one embodiment, the starting estimate of whether a
result is “good” can be computed with a conditional probabil-
ity table generated by binning and/or smoothing the features
in the click profile. These features may include, for example,
the click durations and sequence. Other embodiments may
include the use of parametric or non-parametric models, such
as logistic regression, to estimate probability of a result being
good as a function of the click profile. These embodiments
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may include, for example, models that explicitly model
sequence information, such as hidden Markov models.

In one embodiment of the present invention, an automatic
learning system monitors features of one or more click pro-
files of one or more classes of results. The system learns a
model of features of the results and their queries that predicts
the quality of the results indicated by the profiles. An example
of methods and systems of the type that may be used for such
analysis may be found in U.S. patent application Ser. No.
10/706,991, “Ranking Documents Based on Large Data
Sets,” filed Nov. 13, 2003, owned by the same assignee as the
present application, which is hereby incorporated by refer-
ence in full. This referenced patent application describes the
learning of a model of features of results and queries that
predicts whether or not there will be a long click on a result.
Embodiments of the present invention may learn, for
example, a model of features of results and queries that pre-
dicts the “goodness” of results, in any of the forms mentioned
above.

Moreover, the fraction of good clicks associated with an
interest set (such as a group of three search results) may be
useful in analysis of the interest set or in comparing the
interest set with another object. For example, the analyzer 122
may construct a click profile for the interest set according to
the method described in relation to FIG. 2 or another method.
The analyzer 122 may then access the click profile to deter-
mine the number of clicks that may be classified as “good”
using the probability determinations described above or other
methods. The analyzer 122 may also determine the total num-
ber of clicks (good and bad) for the interest set. The analyzer
122 may then calculate the fraction of clicks that are classified
as good by, for example, dividing the number of good clicks
determined by the total number of clicks. This fraction of
good clicks may be used as a basis for comparison with other
objects of interest, or may be used as a metric to evaluate the
quality of the interest set.

Manipulated Article Identification

In one embodiment of the present invention, a click profile
is developed for manipulated-article results, such as spam
results. A manipulated article is an article (such as a web
page) that has been manipulated to deceive or distract an
analysis of the article, such as an automated analysis of the
article by a web crawler or a search engine. Spam pages are
one example. A click profile can be used to identify spam. In
the context of search, spam comprises a result page in which
standard content signals for the page, such as content and
anchors, have been modified in a way that does not reflect the
value of the page for the user, but causes it to be ranked more
highly for queries. Spammers not only optimize web pages to
achieve higher rankings from a search engine, but optimize
the title and snippet to mimic results for “good” content in
order to maximize the click through rate from users.

Click profiles may be used to identify spam pages and
content. In one embodiment, the analyzer 122 generates a
click profile for a result in a result set (e.g., a URL at the
domain level), and compares the click profile for the result to
aprofile identified as indicative of spam. The spam-indicative
profile may be identified or constructed by human evaluators
orautomatically, based on a variety of factors that will change
depending on, among other things, varying approach by web-
page spammers. It has been found that spam sites or pages
have the following attributes: spam results comprise results
that are overly optimized for search engines; the pages tend to
score high in page-scoring algorithms, but they are seldom
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visited by navigational client users; they are linked to by
guestbook spammers, and they can be readily identified by
human evaluators.

Moreover, the analyzer 122 may derive a click profile for a
class of spam results. A click profile for a class of spam results
may be determined using a variety of factors. It has been
observed that, for spam results, long duration clicks are only
half as likely for non-spam; and results with very short clicks
are the most likely to be spam results. The duration for spam
results is typically short, evidencing a mean staytime of 51.3
seconds. Also, the ratio of short to long clicks is twice as high
as for non-spam results, and spam results evidence more
multiple clicks that other results. Generally, examining a
particular result is not as effective as examining results for a
domain. These and other factors may be considered in deter-
mining a click profile for a class of spam.

In one embodiment, a method for identifying a manipu-
lated article, such as a “spam” page, that may be carried out by
the analyzer 122 comprises calculating a “good click” as a
long, single click, an indefinite duration single click, or a
long, multiple click, and calculating a “bad click” as a short
click. A “bad ratio” may then be calculated as bad clicks
divided by good clicks, and a “good fraction” may be calcu-
lated as good clicks divided by all clicks for the analysis set.
The bad ratio may then be calculated for the specific search
result under analysis, and for the aggregate of all other search
results that appear in a search result set with the specific
search result under analysis. The analyzer 122 may conclude
that the specific search result under analysis constitutes a
spam-type result if its good fraction is less than 0.15, and its
bad ratio is twice as great as the bad ratio of the aggregate of
all other search results that occur with it in search result sets.

In one embodiment of the present invention used to detect
manipulated articles employs the fraction of “good clicks”
(for example, clicks that have more than 60% probability of
being perceived as good by the user based on prior observa-
tion) and the relative ratio of good clicks to detect a manipu-
lated article. In one embodiment, the relative ratio of good
clicks comprises (good clicks on a search result under analy-
sis/bad clicks on the search result under analysis)/(good
clicks on all search results in search result sets returned to
users that included the search result under analysis/bad clicks
on all search results in search result sets returned to users that
included the search result under analysis). In one embodi-
ment, if the relative ratio of good clicks for a particular search
result, when determined in this manner, is less than 0.5, the
search result may be identified as a search result that may
point to a manipulated article, such as a spam page, a page
devoid of content, or unpopular content. Similarly, such a
ratio may be used to identify search results that are likely
good, or high-content, sites. For example, if the relative ratio
of'good clicks for a search result is relatively high, the search
result is identified as one that is likely associated with content
that is good or helpful. Other methods may be used in deter-
mining a manipulated article, and this method serves only as
an example.

The profile defined for a manipulated article may be
defined in absolute terms or relative to competing results. For
example, in absolute terms, if a particular search result has a
probability of being a good result that is lower than a pre-
determined probability (e.g., 50%), the search result may be
designated as a “bad” result. In relative terms, the probability
determination for a particular search result may be compared
with other search results in a search result set or other group
of search results. If that search result’s goodness-probability
determination is low in absolute terms (e.g., less than 50%)
but is substantially higher than goodness-probability deter-
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minations for other search results in the group, the particular
search result may not be designated as a “bad” result.

FIG. 4 shows one example of a method for identifying a
possible manipulated article. In the method shown in FIG. 4,
a click profile indicative of a manipulated article is con-
structed 402 using the techniques described above. For
example, a click profile indicative of a domain that comprises
a spam-type domain may be constructed according to the
above. Once the spam-indicative profile has been generated,
the analyzer 122 uses the profile to analyze results and result
sets to identify spam. The analyzer 122 may then identify an
object of interest for analysis 404. For example, a human
operator may indicate a particular group of domains for
analysis, and the analyzer 122 may identify a first domain in
the group as the first object of interest. The analyzer 122 may
then create a click profile for the particular domain under
analysis 406. The analyzer 122 may then compare the metrics
in the click profile for the domain of interest to the click
profile for spam results 408. If the comparison reveals simi-
larities between the profiles or other indications that the
domain may be a spam-type domain, then the analyzer 122
may indicate that the domain may be a spam-type domain.
For example, if the metrics for the domain of interest are
worse than the manipulated article profile 410 (e.g., the dura-
tion of clicks is shorter or the ratio of short to long clicks is
higher), the analyzer 122 can mark or flag the domain as
probably comprising spam 412. Once the domain is marked,
the search results can be de-weighted in future queries or the
site can be marked for further analysis by, for example,
human evaluators. If the comparison reveals that the click
profile for the domain of interest is not similar to the profile
for a manipulated article, or is “better than” such a profile, the
method may continue by analyzing another object of interest
or otherwise proceeding 414.

Determining Ranking Algorithm Quality by
Comparing Interaction Profiles of Ranking
Algorithms

In one embodiment of the present invention, the metrics
stored in click profiles are used to compare a scoring algo-
rithm under consideration with another scoring algorithm.
FIG. 5 is a flowchart illustrating a method for comparing
scoring algorithms using click profiles in one embodiment of
the present invention. For a relatively constant click profile,
the metrics stored in a click profile can be compared for
different result sets to determine, for example, which algo-
rithm is superior, e.g., which algorithm produces higher qual-
ity results, such as results that appear to bring a user a higher
level of satisfaction.

In the method shown in FIG. 5, the analyzer 122 deter-
mines a click profile for the first scoring algorithm 502. The
analyzer 122 next determines a click profile for a second
algorithm 504. These determinations may be carried out in
any suitable manner, such as those described herein. In one
embodiment, the raw data used by the analyzer 122 to deter-
mine the click profiles is generated by causing a search engine
to alternate between the two scoring algorithms over a period
of'time necessary to generate a data set sufficient for analysis.
The data associated with the first algorithm may be stored in
a first log file 132, and the data associated with the second
algorithm may be stored in a second log file 134. In other
embodiments, data associated with multiple algorithms may
be interleaved in a single log file, and identified with a code or
other data.

The analyzer 122 then compares the metrics of the two
profiles 506. Metrics of a profile are described above. For



US 9,223,868 B2

23

example, the analyzer 122 may compare the total number of
clicks for each algorithm, the number of single long clicks,
the ratio of long to short clicks, and the ratio of single to
multiple clicks and the number of refinements to the query.
One or more of these or other metrics may be used at once.
If the metrics for the first algorithm are better, the analyzer
122 may conclude that the first algorithm is better 508, and
the process ends 510. If the analyzer 122 determines that the
metrics are better for the second algorithm, the analyzer 122
may conclude that the second algorithm is better 512. And if
the metrics are substantially equal, the analyzer 122 may
mark the algorithms for further evaluation 514. This further
evaluation may be by human observer or by machine analysis.
The determination of whether one algorithm is better than
another may be based on any of a variety of suitable
approaches, and may vary depending on the application and
desired approach. For example, in one embodiment, a higher
magnitude for the following metrics may indicate a better
algorithm: click rate, ratio of long to short clicks, and ratio of
single to multiple clicks. In one embodiment, if all three of
these metrics are higher for one algorithm, the analyzer 122
may treat that algorithm as better than the lower-scoring
algorithm, and if all three are not higher for one algorithm, the
algorithms are designated for further review. In one embodi-
ment, further review comprises a human being examining the
metrics, understanding the differences between the algo-
rithms, and determining how to proceed. Another embodi-
ment involves further computer-based analysis. For example,
in one embodiment, search results from the two algorithms
may be interleaved for presentation to users, such that inter-
action with the interleaved search results may be analyzed.

Comparing Algorithms on Different Classes of
Queries

In one embodiment, a click profile may be employed to
systematically improve a ranking function by evaluating
search results for groups of queries. Search results for differ-
ent classes of queries will generally exhibit different click
profiles. For example, search results for a navigational query
(such as a query for the location of a restaurant) will typically
exhibit a click profile comprising a single long click or a click
with no duration (i.e., the user does not return to the search
results). In contrast, general-searching types of queries will
typically result in multiple clicks of varying durations. In
order to ameliorate the effect on overall analysis of a ranking
algorithm of different behavior for different query types, or to
evaluate groups of queries with common characteristics,
classes of queries with certain base click profiles can be
derived based on various criteria. A “class” of result pages
may be defined as a set of results that appear, for example, for
an individual query (such as “BMW”), a category query (such
as “automobiles”), all commercial queries, or other group-
ings. By training automatic-learning algorithms based on
click models, the algorithms can inject result sets with click-
identified “good” pages by comparing the overall profile of a
subclass of pages (pages with content X, or pages from mydo-
mainx.com) to that of the larger class to identify “good” or
“bad” result subclasses.

Ranking functions may be improved by studying results for
a particular class of query. FIG. 6 is a flowchart illustrating a
process for determining the relative quality of search results
for a particular query class produced by two different search
algorithms by comparing a click profile for search results
returned for the class of queries by one search algorithm with
a click profile for search results returned for the class of
queries by a second search algorithm.
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In the embodiment shown in FIG. 6, the analyzer 122
identifies a query class 602. The class may be provided
explicitly. For example, a user may identify a class of queries
and provide it to the analyzer 122 by inputting one or more
queries that constitute the class (e.g., “directions,” “map,”
“address,” and “location.”). The queries in the class may be
identified automatically, or provided implicitly. Another
example of classification of queries is classification of queries
that result in high click duration in one group, and the clas-
sification of queries that result in medium or low click dura-
tion in another. The manual designation of queries in the class
is used to describe the method for ease of illustration.

The analyzer 122 next identifies a query within the class
604. For example, the analyzer 122 may select the first query
in a list provided by the user (e.g., “directions™). The query
within the class identified may be one identified by a user as
well.

The analyzer 122 then derives a click profile for the query
class identified for the two algorithms under consideration
606. In one embodiment, the analyzer 122 does so by first
deriving a click profile for the query identified. For example,
the analyzer may determine a first click profile for the search
results returned by the first algorithm in relation to the query
“directions” (the first query identified in this example). This
may be done according to the method discussed in relation to
FIG. 2 by, for example, determining a click profile for the
result set returned by the first algorithm in relation to the
query. The analyzer then determines a second click profile,
one in relation to the second search algorithm under analysis,
for the query in the class identified.

The analyzer 122 may repeat the identification of a query
within the class and the derivation of two profiles for that
query inrelation to the two algorithms under analysis in order
to derive sufficient data to determine a profile applicable to
the search results for the class of queries. For example, the
analyzer 122 may determine two click profiles for each query
in the list provided (for each query, one for the first algorithm,
and one for the second algorithm).

Using the click profiles for each of the queries, the analyzer
122 determines a click profile for the class of queries under
consideration for each algorithm 606. This may be done, for
example, by taking the weighted average of values for the
various metrics selected. They may be weighted by, for
example, the number of occurrences of search results for the
query.

Once the analyzer 122 has derived a class profile for each
algorithm, the analyzer 122 compares the class profiles 608.
The analyzer 122 compares the two click profiles for the
query class. If the click profile for the query class as deter-
mined from data associated with the second algorithm dis-
plays better metrics for the query class than the first algo-
rithm, the analyzer determines that the second algorithm
produces better results for the class of queries under analysis,
and may so indicate 612. If the click profile for the query class
as determined from data associated with the first algorithm
displays better metrics for the query class than the second
algorithm, the analyzer determines that the first algorithm
produces better results for the class of queries under analysis
610, and may so indicate. If the metrics for the two profiles do
not clearly indicate that one algorithm is better than the other
for the class of queries, the query class may be selected for
further study 614. These determinations may be indicated to
a user of the method, or another person. For example, a
computer display may indicate the results.

Deriving a click profile for a class of queries allows opti-
mizing retrieval algorithms to maximize the probability that
“good” pages are returned. Click behavior within a class
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tends to be similar while click behavior between classes can
be highly disparate, e.g., navigation to specific sites versus
browsing for a person’s name.

Click behavior may also be affected by geographical or
cultural differences. Thus, in one embodiment, classes are
created to reflect these differences. For example, it may be the
case that users in one country tend to read faster than users in
another countries. Accordingly, what would be a short click
for users in the second country may actually be a long click in
the first country. The profile, or comparisons of the profile,
may be adjusted accordingly.

Concluding Overview

As can be seen by the above examples, there are a variety of
methods and systems that may embody the present invention.
The invention is not limited to these or any examples given
herein.

As another, more-general example, one method according
to the present invention comprises determining a plurality of
metrics (also called properties) indicating a level of satisfac-
tion for search results, determining the values of the metrics
for a plurality of instances of a first object (such as a search
result), and determining an interaction profile for the first
object based at least in part on the values of the metrics for a
plurality of instances of the first object.

Such an object may comprise any one or more of the
objects discussed herein and others, including a search result,
a search result set, and a scoring algorithm. For example, a
useful object for analysis in examining ranking algorithm is a
search result set or group of search result sets.

The metrics indicating a level of satisfaction may comprise
factors that have been determined to indicate the presence or
magnitude of a person’s satisfaction, or happiness. For
example, metrics indicating a level of satisfaction with a
search result set returned by a search engine may comprise the
metrics and properties discussed herein and others, and may
comprise data such as the total number of clicks made for the
first object, total number of single, long clicks made on the
first object, the ratio of long clicks to shorts clicks made on the
first object, the number of query refinements made in relation
to the first object, and the ratio of single to multiple clicks on
the first object. In one embodiment, the metrics determined
may comprise interaction attributes. Interaction attributes
comprise one or more attributes of an interaction, rather than
only the number of interactions (the number of interactions
can be included, but more is needed). Examples of interaction
attributes comprise click-duration data, multiple-click data,
and query-refinement data. In one embodiment, for example,
interaction attributes comprise more than the number of
clicks in a user session, or across multiple sessions, but
instead comprise data about those clicks, such as their dura-
tion, sequence, whether they are multiple clicks or single
clicks, whether a query was refined, and other attributes of the
interactions. Determining the metrics to include within the
interaction profile may comprise selecting metrics, such as
those interaction attributes indicated, that may be relevant to
user-perceived probability that the search results provide rel-
evant information. User-perceived probability comprises a
probability perceived by a user, such as a person.

As discussed, gathering data over multiple user sessions
(for multiple users) of a search engine may provide highly
useful data in analyzing the search engine, its search algo-
rithm, and other attributes. In one embodiment, determining
an interaction profile for the first object may comprise deter-
mining the values of the metrics for instances of the first
object in multiple user-sessions of a search engine. One way

30

35

40

45

50

60

26

this may be accomplished is by accessing a log file for the
search engine. In the environment of interacting with web
pages via a mouse or other input device, a user often provides
the interactions with the search engine or other application by
what has become known as clicking the mouse. Accordingly,
interaction profiles in such environments may be referred to
as click profiles.

As indicated in describing the example embodiments
above, analysis of interaction profiles may involve comparing
the profile for the first object with another set of data, such as
an interaction profile for another object. In one embodiment,
after determining the interaction profile for the first object, a
method according to the present invention determines the
values of the metrics for a plurality of instances of a second
object, determines an interaction profile for the second object
based at least in part on the values of the metrics for a plurality
of instances of the second object, and compares the interac-
tion profile for the first object with the interaction profile of
the second object. The comparison of the interaction profile
for the first object with the interaction profile of the second
object may comprise determining that a particular quality of
the interaction profile for the first object is better than the
particular quality of the interaction profile for the second
object, and further comprise indicating a positive indicator
for the first object. A positive indicator is an indication of a
positive nature, such as an indication of acceptable quality, a
higher quality, or other generally positive attribute. This posi-
tive indicator may be indicated by displaying an indication on
a computer screen, displaying metric values side by sideon a
screen such that an operator can view which value may be
higher or lower, or by any other suitable way. Comparing the
interaction profile for the first object with the interaction
profile of'the second object may, alternatively or additionally,
comprise determining that a particular quality of the interac-
tion profile for the first object is less than the particular quality
of'the interaction profile for the second object. This particular
quality comparison may be made by comparing values of
metrics (e.g., comparing magnitudes of duration) or by any
suitable comparison. A method of providing the first object
(such as a search algorithm) may be adjusted based at least in
part on the comparison. For instance, the search algorithm
may be altered in light of the comparison.

As discussed in relation to the examples given, methods
according to the present embodiment may detect undesirable
objects, such as a manipulated article (e.g., spam web-page)
or other undesirable factors. In one embodiment, a method
according to the present invention determines an interaction
profile indicative of an undesired quality (such as a spam
page, or a pornographic page), compares the interaction pro-
file for a first object with the interaction profile indicative of
the undesired quality, and if the interaction profile for the first
object is within a specified similarity to the interaction profile
indicative of the undesired quality, indicates a follow-up
action for the first object. The specified similarity may be of
any suitable nature, such as a closeness in magnitude of
certain metrics, a number of metrics that are within a certain
range, or other similarity. Follow-up action may comprise a
human or computer review of the first object, blocking the
first object from future search results, or other action. Such
blocking may be accomplished, for example, by removing the
object from an index from which the search results are drawn,
by changing an attribute of the article to keep it from being
provide in search results, by including the first object in a list
of objects to be filtered from search results, or by other suit-
able approaches.

Also as mentioned in relation to the examples given, meth-
ods according to the present invention may comprise deter-
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mining a probability that the search result comprises a desir-
able or undesirable search result based at least in part on the
interaction profile. One such method may comprise determin-
ing whether the probability indicates an undesirable quality
for the search result (such as a spam page). Determining that
a search result comprises a desirable search result may com-
prise determining that the search result probably does not
comprise an undesirable search result, or may comprise
another suitable action.

As discussed in relation to the example shown in FIG. 6 and
otherwise, methods according to the present invention may
designate a class of objects, such as a group of objects or a
genus of objects, in order to further analysis of, adjustment of,
or other interaction with search algorithms and the like. For
example, in one embodiment, the first object mentioned
above may comprise a class of objects. In one method accord-
ing to such an embodiment, the method determines the values
of the metrics for a plurality of instances of a second object,
wherein the second object is at least similar to the class of
objects, determines an interaction profile for the second
object based at least in part on the values of the metrics for a
plurality of instances of the second object, and compares the
interaction profile for the first object with the interaction
profile of the second object. A quality for the second object
may be determined based at least in part on the comparison.
This quality may, for instance, indicate that the second object
is a good search result when compared with the first object, or
may indicate that it is a bad search result when compared with
the first object. There are a variety of other methods that may
make use of the designation of a group of objects or a genus
of objects, in order to further analysis of, adjustment of, or
other interaction with various objects.

Another general example of a method according to the
present invention comprises receiving click data associated
with a search result, and determining a search-result click
profile for the search result based at least in part on the click
data associated with the search result. The search-result click
profile comprises a click profile (a sub-set of interaction pro-
file) for the search result. The click data may comprise click-
duration data, multiple-click data, query-refinement data,
click-quantity data, or other data that may be used in, or to
calculate, data in a click profile, as discussed in the examples
given.

Such a method may further comprise analyzing the search-
result click profile, and detecting an undesirable search result.
A search-result click profile comprises a click profile for a
particular search result. The particular search result may be
embodied by a URL, a domain, or other object. The detection
of an undesirable search result may be accomplished, for
example, by detecting an indication that a domain associated
with the search result is associated with spam. As discussed in
the examples, users often interact with spam pages in a detect-
able manner.

As mentioned, comparisons of data may be carried out. For
example, click data may comprise click data associated with
afirst search algorithm, and a method according to the present
invention may receive click data associated with a search
result and a second ranking algorithm (such as click-duration
data, multiple-click data, or query-refinement data), deter-
mine a second search-result click profile for the search result
based at least in part on the click data associated with the
search result and the second search algorithm, and compare
the first click profile to the second click profile. This com-
parison may comprise, or the method may further comprise,
determining which of the first ranking algorithm and the
second ranking algorithm is better.
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Analyzing the search-result click profile may comprise
weighting the click data. In one embodiment, this may be
accomplished by weighting the click data for the magnitude
of “goodness” (or desirability) indicated by a particular vari-
able. The ranking of a search result may be adjusted based at
least in part on a result of the analysis. Weighting may be
accomplished in one embodiment by categorizing the click
data into kinds of clicks, determining relative “goodness”
indication of the category, and weighting accordingly.

In one method according to the present invention, after
receiving click data associated with a search result, the
method receives a search result set having the search result,
and determines a result-set click profile for the search result
set based at least in part on the click data associated with the
search result.

As discussed above, there are a variety of ways to use
interaction profiles. It should be understood that the examples
of uses of profiles given herein are merely examples. In one
method of using an interaction profile, a first interaction pro-
file for a first object is identified, and this first interaction
profile is based at least in part on click-duration data for the
first object, multiple-click data for the first object, and/or
query-refinement data for the first object. A second interac-
tion profile may then be identified, and a relative quality of the
first and second objects may be determined based at least in
part on a comparison of the first interaction profile and the
second interaction profile. This relative quality may be that
one profile is better than the other on terms previously
defined, for example. In some instances, the second interac-
tion profile may comprise an interaction profile indicative of
an Undesired quality (such as indicative of a manipulated
article, like a spam web page). If it is determined that the first
interaction profile is within a specified similarity to the sec-
ond interaction profile, indicating for example a likelihood
that the object associated with the first profile is also a
manipulated article, follow-up action for the first object may
be set.

In some instances, determining a relative quality of objects
comprises determining that a particular quality of the first
interaction profile is less than the particular quality of the
second interaction profile, and further adjusting a method of
providing the first object based at least in part on the deter-
mination. For example, a search algorithm that provides the
first object may be adjusted based on the determination.

Moreover, after identifying a first interaction profile for a
first object (based at least in part on a plurality of metrics
comprising click-duration data for the first object, multiple-
click data for the first object, and/or query-refinement data for
the first object), a method may determine a probability that
the first object comprises a desirable object based at least in
part on the first interaction profile. The first object may com-
prise a search result, a group of search results (such as a search
result set), or another object. Whether the probability indi-
cates an undesirable attribute for the search result may also be
determined by, for example, comparing the probability
against probabilities pre-determined (by experiment or oth-
erwise) to indicate an undesirable attribute.

It should be noted that these methods may be carried out for
a class of objects. For example, multiple objects may be
grouped into a class of objects.

Computer-readable media may be provided that stores
executable code for carrying out such methods as described
herein. Examples of such media are given above.

The foregoing description of embodiments ofthe invention
has been presented only for the purpose of illustration and
description and is not intended to be exhaustive or to limit the
invention to the precise forms disclosed. Numerous modifi-
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cations and adaptations thereof will be apparent to those
skilled in the art without departing from the spirit and scope of
the present invention.

That which is claimed:
1. A method performed by a system of one or more com-

puters, the method comprising:

comparing, by the system, a first scoring algorithm for
scoring electronic documents responsive to search que-
ries with a second scoring algorithm for scoring the
electronic documents responsive to search queries,
wherein the comparing includes:
obtaining a first profile that characterizes historical
interaction, by a first plurality of users, with electronic
documents in first result sets of electronic documents,
the electronic documents in each first result set scored
by a search engine in accordance with the first scoring
algorithm and ranked by the search engine in each first
result set in accordance with said scoring,
obtaining a second profile that characterizes historical
interaction, by a second plurality of users, with elec-
tronic documents in second result sets of electronic
documents, the electronic documents in each second
result set scored by the search engine in accordance
with the second scoring algorithm and ranked by the
search engine in each second result set in accordance
with said scoring,
determining that one or more metrics of the user inter-
action characterized in the first profile collectively
indicate a higher level of user satisfaction with the
first result sets of electronic documents than a level of
user satisfaction with the second result sets indicated
by the one or more metrics of the user interaction
characterized in the second profile, and
in response to the determination, outputting an indica-
tion that the first scoring algorithm is better than the
second scoring algorithm,
wherein the one or more metrics of the user interaction
characterized in the first profile comprise a total number
of respective selections of one or more electronic docu-
ments from each of the first result sets of electronic
documents,
wherein the one or more metrics of the user interaction
characterized in the second profile comprise a total num-
ber of respective selections of one or more electronic
documents from each of the second result sets of elec-
tronic documents, and
wherein the higher level of user satisfaction is indicated by
a lower total number of respective selections of the one
or more electronic documents from each of the first
result sets of electronic documents than the total number
of respective selections of the one or more electronic
documents from each of the second result sets of elec-
tronic documents.
2. The method of claim 1, wherein:
the one or more metrics of the user interaction further
comprise a number of refinements of the search queries;
and
the higher level of user satisfaction is further indicated by
a lower number of refinements by the first plurality of
users or the second plurality of users.
3. The method of claim 1, wherein:
the one or more metrics of the user interaction character-
ized in the first profile further comprise a first ratio of
long duration selections of electronic documents from
the first result sets of electronic documents to short dura-
tion selections of electronic documents from the first
result sets of electronic documents;
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the one or more metrics of the user interaction character-
ized in the second profile further comprise a second ratio
oflong duration selections of electronic documents from

the second result sets of electronic documents to short
duration selections of electronic documents from the
second result sets of electronic documents; and

the higher level of user satisfaction is further indicated by

the first ratio being greater than the second ratio.

4. The method of claim 1, wherein:

the first profile characterizes one or more respective inter-

actions with electronic documents in each of the first
result sets of electronic documents responsive to search
queries of a first category,

the search queries of the first category are selected from

among a plurality of queries including the search queries
of the first category and other search queries,

the second profile characterizes one or more respective

interactions with electronic documents in each of the
second result sets of electronic documents responsive to
search queries of the first category, and

the indication indicates that the first scoring algorithm is

better than the second scoring algorithm for scoring
electronic documents responsive to search queries of the
first category.

5. The method of claim 4, wherein the first category is
navigational queries, commercial queries, long queries, short
queries, or general queries.

6. The method of claim 4, wherein the first category is
queries having syntax.

7. The method of claim 4, wherein obtaining the first profile
comprises accessing, for each of a plurality of search queries
of'the first category:

data characterizing one or more properties of a session in

which the respective search query was submitted to the
search engine and results returned in response to the
submission of the respective search query,

data characterizing one or more properties of the respective

search query, and

data characterizing one or more properties of the returned

results.

8. A system comprising:

one or more computers programmed to perform opera-

tions, the operations comprising:

comparing, by the system, a first scoring algorithm for

scoring electronic documents responsive to search que-

ries with a second scoring algorithm for scoring the

electronic documents responsive to search queries,

wherein the comparing includes:

obtaining a first profile that characterizes historical
interaction, by a first plurality of users, with electronic
documents in first result sets of electronic documents,
the electronic documents in each first result set scored
by a search engine in accordance with the first scoring
algorithm and ranked by the search engine in each first
result set in accordance with said scoring,

obtaining a second profile that characterizes historical
interaction, by a second plurality of users, with elec-
tronic documents in second result sets of electronic
documents, the electronic documents in each second
result set scored by the search engine in accordance
with the second scoring algorithm and ranked by the
search engine in each second result set in accordance
with said scoring,

determining that one or more metrics of the user inter-
action characterized in the first profile collectively
indicate a higher level of user satisfaction with the
first result sets of electronic documents than a level of
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user satisfaction with the second result sets indicated
by the one or more metrics of the user interaction
characterized in the second profile, and
in response to the determination, outputting an indica-
tion that the first scoring algorithm is better than the
second scoring algorithm,
wherein the one or more metrics of the user interaction
characterized in the first profile comprise a total number
of respective selections of one or more electronic docu-
ments from each of the first result sets of electronic
documents,
wherein the one or more metrics of the user interaction
characterized in the second profile comprise a total num-
ber of respective selections of one or more electronic
documents from each of the second result sets of elec-
tronic documents, and
wherein the higher level of user satisfaction is indicated by
a lower total number of respective selections of the one
or more electronic documents from each of the first
result sets of electronic documents than the total number
of respective selections of the one or more electronic
documents from each of the second result sets of elec-
tronic documents.
9. The system of claim 8, wherein:
the first profile characterizes one or more respective inter-
actions with electronic documents in each of the first
result sets of electronic documents responsive to search
queries of a first category,
the search queries of the first category are selected from
among a plurality of queries including the search queries
of the first category and other search queries,
the second profile characterizes one or more respective
interactions with electronic documents in each of the
second result sets of electronic documents responsive to
search queries of the first category, and
the indication indicates that the first scoring algorithm is
better than the second scoring algorithm for scoring
electronic documents responsive to search queries of the
first category.
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10. The system of claim 9, wherein the first category is
navigational queries, commercial queries, long queries, short
queries, or general queries.

11. The system of claim 9, wherein the first category is
queries having syntax.

12. The system of claim 9, wherein obtaining the first
profile comprises accessing, for each of a plurality of search
queries of the first category:

data characterizing one or more properties of a session in

which the respective search query was submitted to the
search engine and results returned in response to the
submission of the respective search query,

data characterizing one or more properties of the respective

search query, and

data characterizing one or more properties of the returned

results.

13. The system of claim 8, wherein:

the one or more metrics of the user interaction character-

ized in the first profile further comprise a first ratio of
long duration selections of electronic documents from
the firstresult sets of electronic documents to short dura-
tion selections of electronic documents from the first
result sets of electronic documents;

the one or more metrics of the user interaction character-

ized in the second profile further comprise a second ratio
oflong duration selections of electronic documents from
the second result sets of electronic documents to short
duration selections of electronic documents from the
second result sets of electronic documents; and

the higher level of user satisfaction is further indicated by

the first ratio being greater than the second ratio.

14. The system of claim 8, wherein:

the one or more metrics of the user interaction further

comprise a number of refinements of the search queries;
and

the higher level of user satisfaction is further indicated by

a lower number of refinements by the first plurality of
users or the second plurality of users.
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